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I evaluated the impact of the phased introduction of Leading Pedestrian Interval 
Signals (LPIs) on collision and injury outcomes at 12,987 signalized traffic intersections 
in New York City over the course of 25 quarters from 2012 to 2018. An intersection is 
treated when a LPIs is installed to give pedestrians lead time to cross the street before 
vehicles are allowed to move. Outcomes from NYPD’s Motor Vehicle Collisions data were 
matched to signalized intersections. I hypothesize that LPIs would reduce collisions and 
reduce injuries for pedestrians at intersections. A difference in difference fixed effects 
panel regression was used to identify the causal effect of introducing LPIs. This approach 
accounts for the problem that unobserved heterogeneity that might bias results in simpler 
regression approaches. The analysis suggests that the introduction of LPIs decreased 
quarterly collision counts by 5.45% and decreased the quarterly number of pedestrians 
injured by 14.7% over the same intervention period. LPIs appears to be effective in 
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Many of us have experienced close shaves while crossing streets with impatient 
drivers who often turn without giving pedestrians the right of way. An unfortunate few 
suffer injuries or death from such collisions. Historically, the typical intersection traffic 
signal in New York City has allowed cars and pedestrians to enter the intersection at the 
same time following a light change. However, starting especially in 2014 and with the 
goal of improving street safety, the New York City Department of Transportation (DOT) 
began implementing the Leading Pedestrian Interval Signals (LPIs) program across the 
five boroughs ​(“NYC DOT - Leading Pedestrian Interval Signals,” n.d.)​. Over time an 
increasing number of intersections (Figure 6 and Table 3) have been modified to give 
pedestrians a few seconds priority to cross before the traffic light turns green for the cars 
to move. The stated goal of the program is to reduce collisions at intersections and reduce 
injury rates for pedestrians but to date there have been few scientifically rigorous impact 
evaluations of such programs. 
There are several serious challenges and complicating factors that make 
identification of the unbiased causal impact of LPIs difficult. Many of us know that there 
are certain intersections within our neighborhoods at which we take extra care to cross 
because we have observed or heard of past accidents or had close shave incidents 
ourselves. That is to say that there are characteristics of these intersections that make 
them “more dangerous” to road users. These characteristics may be known to the 
individuals who live or drive in these communities and therefore also may affect behaviors. 
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But they are not measured and recorded in any statistics and thus remain a source of 
unobserved heterogeneity to the econometrician. 
The DOT is a large department with responsibility to ensure that NYC’s 
transportation infrastructure is well maintained. As was verified to me in an interview 
that I held with a DOT official, the department often chooses to implement LPIs at 
intersections that had historically suffered higher collision counts or were marked as 
salient for other reasons (Figure 1 and 2). Each installed LPIs was estimated to cost the 
DOT $1,200 per implementation in 2017 ​(Elissa Goughnour et al., n.d., p. 31)​. Hence, 
LPIs placement selection is not random but instead likely also based on unobserved 
intersection-specific characteristics which make the DOT more likely to select them. We 
may be able to observe, and hence control for some of these characteristics but others 
remain unobserved by the econometrician. Hence LPIS “program placement” is likely 
endogenous and also driven by unobserved heterogeneity. Failure to account for this is 
likely to lead to biased estimates of the program’s true effects. To illustrate very simply, a 
naive comparison of collision counts at intersections with and without LPIs (Table 1 and 
5) will reveal higher collision rates at LPIs intersections. This, however, is most likely not 
due to LPIs raising the collision rate, but rather to the fact that the DOT is installing 
LPIs at dangerous intersections first. Our difference-in-difference panel methods are 
designed to control for the unobserved heterogeneity and selectivity biases that simpler 
impact evaluation designs may fail to control for. 
Still other factors that might potentially bias our estimates of the causal impact 
evaluation of LPIs include the possibility that the introduction of other City programs 
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such as tougher moving violation targeting or the introduction of slower speed limits from 
the Vision Zero city wide implementation in 2014 might be driving the results. Our 
regressions control for the introduction of each of these programs as well as for the 
general downward trend in traffic ​fatalities over the intervention period, as well as for 
other collision detection implementations in vehicle technology. Moreover, in conversations 
with DOT personnel I learned that the DOT selects intersections that are within 
proximity to school and elderly zones, as well as priority intersections from the Borough 
Pedestrian Safety Action Plans so I controlled for these observable intersection 
characteristics as well. 
In order to isolate the effect of LPIs, my benchmark regression utilizes a 
difference-in-difference (DiD) approach with panel data of collision and injury counts at 
all signalized intersections in New York City over 25 quarters. The DiD and fixed effect 
regression approach controls for potential bias that might be driven by heterogeneity in 
observed and unobserved time-invariant intersection characteristics, and also takes into 
account of the fact that the LPIs intervention was rolled out over time. Had I not 
controlled for these factors, the effect of these factors might have led to misattribution to 
the LPIs’ effect.  
Yet another consideration is that there could be spatial autocorrelation in the 
pattern of motor vehicle collisions in New York City. Collisions at one intersection could 
be correlated to collisions at nearby intersections. For example, collisions at one 
intersection may cause traffic jams or slow downs that increases (or possibly decreases) 
the probability of another collision happening one intersection behind. This type of spatial 
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correlation means that the standard assumption that all observations are independent that 
is necessary for unbiased regression estimates could be violated. I deal with this potential 
issue by deploying two additional alternative spatial regression models that can account 
for patterns of spatial autocorrelation - a spatial lagged model and a spatial error model 
using a spatial contiguity weight matrix constructed based on the network geography of 
street intersections in Manhattan. Estimation of such models using maximum likelihood 
estimation methods has been shown to help to reduce spatial autocorrelation bias ​(Anselin 
& Griffith, 1988)​. 
2. Literature Review 
There are several existing studies of the impact of LPIs programs but most of 
these have used much smaller datasets, focused on different outcomes, and/or used 
different statistical approaches. Fayish and Gross ​(2010)​ studied 10 intersections in State 
College, Pennsylvania comparing these to 14 hand-picked control intersections from 2000 
to 2008. The authors used an Empirical Bayes before-after method and reported a 58.7% 
decrease in pedestrian-vehicle crashes. LPIs are not new to NYC, but its widespread 
implementation across NYC began only in 2014. A crash analysis study was completed by 
King examining the impact of LPIs in NYC from 1982 to 1995. King’s study ​(2000) 
looked at 26 LPIs intersections and its surrounding intersections, and the analysis focused 
on turning vehicle and pedestrian collisions. The author found a 28% decrease in vehicle 
turning collisions with pedestrians when compared to the control intersections. Houten et 
al ​(2000)​ studied three intersections which received LPIs interventions and found that 
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they reduced conflicts between pedestrians and turning vehicles, as well as reduced the 
occurrence of pedestrians yielding the right of way to turning vehicles. Hubbard et al 
(2008)​ studied an intersection in Anaheim, CA, USA and utilized video to collect data 
during day time several days before and after LPIs was implemented. Their outcome of 
interest was whether pedestrians had to wait for the vehicle (compromised) to pass during 
a WALK signal, and they found a higher rate of incidence where pedestrians had to 
compromise on the curb after LPIs was implemented. This was contrary to Houten’s 
finding that vehicles yield more more to pedestrians at LPIs intersections. The authors 
attributed pedestrians compromising during the WALK signal at this intersection to the 
Right Turn On Red (RTOR) regulation (which does not exist in NYC).  
Pécheux et al ​(2009)​ studied four sites in San Francisco and two sites in Miami 
and found that LPIs increased vehicles yielding to pedestrians at crossings. This study did 
not look at collision or injury outcomes, but examined the rates of vehicles yielding to 
pedestrians before and after implementation.  
Goughnour et al ​(2018)​ studied LPIs in Charlotte, Chicago, NYC and Toronto. 
They utilized the Empirical Bayes method outlined by Hauer et al ​(2002)​ and found that 
collisions between pedestrians and vehicles increased in Chicago and Toronto, but 
decreased in NYC. Overall, the authors found a significant effect of LPIs on total crashes 
and total injury crashes for all cities combined was a Crash Modification Factor of 0.87 
and 0.86 respectively. 
Sharma et al ​(2017)​ developed a marginal cost benefits model to assist in decision 
making for implementation of LPIs at a given intersection and estimated costs associated 
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with a traffic conflict. The authors performed a case study using their methodology at an 
intersection in Portland, Oregon, USA and found the hours for which LPIs was most 
effective and recommended selectively applying LPIs during those hours only. 
Rhee et al ​(2016)​ conducted a comprehensive summary of spatial characteristics 
that affect collisions and the factors described could be intersection-specific - the 
intersection is connected to its neighborhood and its population. These factors were 
demonstrated to have an effect on the frequency of collisions. To the best of my 
knowledge, this is the first paper to utilize a fixed effects difference-in-difference model to 
identify the impact of LPIs on collision and injury outcomes of different road users.  
3. Data 
In 2012, New York City passed Local Law 11 which declared that NYC’s public 
agencies and departments should make their data publicly available in an open format in 
an effort to make the city government more transparent and effective ​(“Open Data Law - 
DoITT,” 2019)​. Much of the data used in this study was made available thanks to this. 
I obtained the Motor Vehicle Collisions (MVC) data set, which was published by 
New York Police Department (NYPD) on NYC Open Data ​(NYC Open Data, 2018)​. This 
data set provides the main outcomes - count of collisions, and counts of persons, 
pedestrians, cyclist and motorist injured. From July 2012 to September 2018, 
approximately 1.35 million collisions were recorded to have occurred in NYC. The dataset 
also contains longitude and latitude points, borough, zip code, vehicle type, and 
information on contributing factors to the collision. The data does not however include 
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socio-demographic characteristics of the persons involved in the collision, nor information 
about road characteristics, weather, land-use and vehicle motion prior to the accident.  
I obtained the vector ​shapefile ​of signalized intersections in NYC via a request to 
the Department of Transportation (DOT) Commissioner. A ​shapefile ​is a spatial data 
format that stores geometric locations and the attributes of the feature. It can be in the 
form of lines, points and polygon data. Merging these two data sources allowed me to link 
the collision data to the closest signalized intersection on the city road grid network. A 
collision was considered to have occurred at an intersection if its coordinates were within 
10 feet of the signalized intersection.  
Other ​shapefile ​data, such as those indicating the location of LPIs interventions, 
bicycle routes, left turn interventions, street improvement projects and Priority 
Intersections were downloaded from NYC DOT’s website ​(NYC DOT, n.d.)​. These 
shapefiles ​were also spatially joined to the nearest signalized intersection. A bike route 
was considered to pass the signalized intersection if it was 3 feet from the signalized 
intersection. 
The NYPD MVC data contained 223,550 collisions which did not include longitude 
and latitude data, ​16.54​%  of the total number of recorded collisions. Some of the missing 1
longitude and latitude of these intersections could often be inferred based on the main 
street, cross street, borough variables in the dataset, but in the end 202,830 collisions 
(15.01%) with missing coordinates could not be used in the analysis. I also had to drop 
about 500 collisions whose coordinates were located outside NYC boundaries. 
1 223,550 collisions out of ​1,351,214 collisions lacked longitude and latitude data in the NYPD MVC. 
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As collisions are not a daily occurrence at most intersections, the data was grouped 
into quarterly counts. Since the NYPD MVC data provided time of collision, I additionally 
stratified the collisions by late night and non-late night to explore the effectiveness of 
LPIs in these settings. Late night collisions is defined as collisions that occurred between 
11.00 p.m. to 4.59 a.m. and non-late night collisions is defined as collisions that occurred 
between 5.00 a.m. to 10.59 p.m. Higher frequency monthly counts were ruled out due to 
computer processing limitations on the more memory-demanding spatial regressions . 2
There were quarters where no collisions occurred at some of the intersections. Therefore, 
zero collision were filled for those intersection quarters to create a strongly balanced panel 
with 12,987 intersections. By law drivers must report collisions to the NYPD ​(NYS 
DMV, n.d.)​. If no collisions were reported, it is assumed that no collisions occurred at that 
intersection. 
Other important factors that was considered by NYC DOT when making the 
decision to implement LPIs at the signalized intersection were based on citizen requests, 
school crossings, senior areas and priority intersections. These factors are important to be 
considered because they will introduce selection bias into the model. 
My panel data consist of 12,987 signalized intersections in NYC across 25 quarters 
from the third quarter of 2012 to the third quarter of 2018. The spatial analysis that 
examines collisions and injuries in Manhattan consist of 2,736 signalized intersections 
across the 25 quarters. The LPIs interventions were implemented at 2,689 intersections, 
2 The monthly data is available, even though it was not used in this analysis. I wanted to extend the analysis 
to run a spatial model, which require substantial memory to store the spatial matrix for each time period. I 
ran the same model specifications with the monthly data and found the results from the monthly data to be 
similar to the quarterly data presented in this analysis. 
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however 226 intersections were excluded from the analysis because they received LPIs 
intersections before the first quarter of 2013. 
4. Identification Strategy 
The main goal of this analysis is to evaluate if there were statistically significant 
differences between the number of collisions at LPIs and at control intersections. I 
hypothesize that fewer collisions and injuries occur at LPIs intersections as opposed to 
traditional intersections. Figure 1 showed the time trend of total number of collisions at 
LPIs and control intersections. Figure 2 showed that LPIs were selectively implemented 
at intersections that had more collisions and injury counts, which makes identifying causal 
impacts of the LPIs intervention more challenging. This make sense because the NYC 
DOT has limited budget and has to prioritize which intersections can obtain the LPIs 
intervention first. As a result, intersections with more collisions were targeted to receive 
the LPIs intervention . 3
Hence, the analysis will utilize a difference-in-difference (DiD) quasi-experimental 
research design to obtain an estimate of the difference in the change of number of 
collisions (and number of persons/pedestrians/cyclists/motorists injured) before and after 
LPIs treatment between the treatment and control intersections ​(Goodman-Bacon, 2018)​. 
The fixed effects DiD regression is defined as follows: 
3 I spoke to Danny Nguyen, Director of Signals Timing Engineering through the Contact the Commissioner 
online form to learn about how the LPIs intersections were selected by the DOT.. He mentioned that there 
were 4 ways that help them decide on which intersections can receive a LPIs intervention, (1) based on city 
council/citizen requests, (2) school crossings, (3) senior areas, and (4) priority intersections. Priority 





with dummies for the cross sectional intersections ( ) and time periods ( ), and a 
treatment dummy ( ). The treatment dummy,  indicates LPIs treatment was 
implemented at time period ( ) and treatment continues for the periods after, otherwise 
 .  is the error term that is uncorrelated with  and .​ As Table 3 shows, 
LPIs treatment timing varied from 13 LPIs being installed in 2013 to 825 LPIs being 
installed in 2017. I followed Goodman-Bacon’s general binary treatment 
difference-in-difference model, since there are multiple intersections ( ) and multiple 
periods ( ). In my balanced panel dataset, there are 25 quarters ( ) and 12,987 
cross-sectional units ( ). Simplifying from 25 quarters, we can think of it as there being 3 
different groups - untreated group ( ), early treatment group ( ) that receives treatment 
at ( ) and late treatment group ( ) that receives treatment at ( ). There are 
intersections that received the LPIs intervention at a later period after ( ), hence in the 
periods before that, they act as controls to intersections that had received LPIs 
intervention at ( ). This is a presentation of the simplified model, 
 
My model is an extension to the simplified model, and is more complicated as it follows 
LPIs that were implemented across 25 quarters. 
The DiD design relies on a few assumptions in order to make causal inference of 
the effect of the LPIs treatment. First, I assumed that any unmeasured determinants of 
the outcomes were time invariant or group invariant (Wing, Simon, & Bello-Gomez, 
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2018).  is the group fixed effect, which captures the time-invariant characteristics of 
the intersections ( ) such as the design of the intersection, the light conditions of that 
intersection, and vehicle volumes (busyness of the intersection). It is not explicitly 
estimated in the model as it is eliminated by using the fixed effect panel regression model. 
 is the time fixed effect which captures the time varying characteristics but 
group-invariant characteristics, like trends in NYC such as seasons and the 
increase/decrease in population of the neighborhood. This DiD approach controls for time 
invariant unobserved characteristics and confounders unique to each intersection even 
though they are not explicitly specified in the model. Another important assumption that is 
imposed in the DiD design is the common trends assumption. This assumption requires 
that the trends in the control group should closely parallel the trends in the treatment 
group. In figures 1 and 2, we see that the trends for the intersections that received LPIs 
treatment and intersections that never received LPIs treatment closely parallels each 
other over time. Apart from the common trends assumption, the DiD design has an 
important assumption that timing of the treatment implementation “must be statistically 
independent of the potential outcomes distributions, conditional on the group-and 
time-fixed effects” ​(Wing, Simon, & Bello-Gomez, 2018)​. This assumption requires that 
the NYC DOT not change LPIs treatment implementation based on outcomes measured in 
earlier periods. 
Since there is a possibility that collisions that occur at one intersection could be 
related to collisions at a nearby intersection. This means that the standard assumption 
that all observations are independent that is necessary for unbiased regression estimates 
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could be violated. As such, I explicitly included spatial weights into the model. Spatial 
weights matrix  is a  positive matrix where the rows and columns are linked to 
each intersection ( ) observations. Each element  of the matrix represents the 
relationship between two intersections as binary (0,1). If an intersection  is a neighbor to 
intersection , the element  equals 1. I utilized a queen contiguity criterion to decide 
whether an intersection is a neighbor to another. The queen criterion allows for neighbors 
to be formed if they share a vertex or a common edge. Though inverse distance matrix is 
typically used when the spatial structure is in the form of points, I decided against it as 
distances between intersections differ. Hence, in order to calculate contiguity matrix 
weights, I expanded the points into Thiessen polygons (Figure 3 and 4). Thiessen 
polygons are defined as boundaries of an area that is closest to each point relative to other 
points, mathematically they are defined as perpendicular bisectors of the lines between all 
points ​(Tchoukanski, n.d.)​. This was done for the subset of intersections are situated 
within Manhattan due to computational limitations.  
I considered two alternative spatial correlation models: the Spatial lag models 
(SLM) and the spatial error models (SEM). A SLM considers the possibility of spillovers 
across locations or that the outcome at one intersection may be influenced by the outcome 
at neighboring intersections. For example, the collision rate at one intersection may be 
reduced not just because LPIs had been installed at that intersection but also because it 
had been installed at neighboring intersections. This method is implemented by including a 
spatially lagged dependent variable on the right hand side of the model specification 





where  is interpreted as the interdependence for collision outcomes. If there is 
independence in collision outcomes, the  coefficient will be zero and the model is reduce 
to the non-spatial DiD fixed effect regression. 
Coefficients are interpreted differently from OLS regression coefficients because 
the spatial regression coefficients “are not equal to the partial derivatives” ​(LeSage, Pace, 
& Pace, 2009)​ ​(Ajilore, 2015)​. The partial derivatives of the spatial regression is a 
matrix and additional calculations are required to obtain the direct and indirect effects 
(LeSage et al., 2009)​. The average direct impact of the explanatory variable can be 
interpreted in the same manner of OLS regression coefficients but the average indirect 
impact of spatial spillovers from neighbors is defined by spatial weight matrix ( ). In the 
context of this analysis, the indirect impact refers to the effect of LPIs at neighboring 
intersections on the collisions outcomes at the intersection. 
 The Spatial Errors Model (SEM) considers the possibility that the outcome at any 
given intersection may be affected by omitted random characteristics of neighboring 






5. Analysis and Results 
Fixed effects DiD linear and poisson regressions were used to estimate the effect of 
LPIs on the outcomes of number of collisions, persons, pedestrians, cyclist and motorist 
injured. The poisson regression is designed to model count data, while the regression 
model is designed for linear relationships. The poisson regression models is a nonlinear 
regression that models the log of the expected number of collisions as a function of 
predictor variables. In this model, the coefficients represents the expected change in the 
log of the mean per unit change in the predictor. Hence, in order to interpret the unit 
change in the predictor as a percentage change, the following formula was applied 
. 
 I used both models to check for consistency in the magnitude and direction of the 
coefficients. The models also account for time effects, intersections, school and elderly 
zones, and Priority Intersections trends (Table 4). In addition, I ran a naive model (Table 
5) that does not control for intersection fixed effects. The Hausman test between the fixed 
effects linear regression and the random effects linear regression was significant. The 
errors was correlated with the regressors, therefore fixed effects model was selected.  
Additionally, I explored the decay effect for the models with number of collisions 
and persons injured. The decay model examines the effect of the LPIs intervention one 
year into its implementation and two years or more into its implementation. In the spatial 
model, I confined it to intersections and collisions that occurred within Manhattan due to 
computer memory limitations. I ran both the spatial lag model and spatial error model. 
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I first explored the naive regression of my model that does not take into account 
intersection fixed effects. This model does not control for intersection level characteristics 
that make the intersection less or more prone to collisions. Hence, the results are likely to 
be biased upwards because of selection issues discussed in the introduction. Next, I 
utilized the fixed effect DiD regression that will take into account the intersection fixed 
effects and reduce the selection issues that biased the naive estimates upwards.  
Table 5 presents results from the naive regression on the outcome of number of 
collisions. Tables 6 to 10 present results from the fixed effect DiD regressions. Column 
(1) and (2) present results from all collisions. For Tables 5 to 10, Columns (3) and (4) 
present results from collision outcomes that occurred at late night (11.00 a.m. - 4.59 
a.m.), while columns (5) and (6) present results from collision outcomes that occurred at 
non-late night (5.00 a.m. - 10.59 p.m.). Collisions were stratified into two groups - 
collisions that occurred during the late night hours and non-late night hours, and then 
summed into quarterly counts. The Tables 11 and 12 present results from the two spatial 
models - spatial lagged model and spatial error model. 
The naive results (Table 5) showed a 29.5% increased in number of collisions in a 
quarter for the poisson model and a 0.45 increase in number of collisions in a quarter for 
the regression model.  
In the DiD regression model of collisions (Table 6), I found a 5.30% decrease in 
number of collisions in a quarter in the poisson model and a 0.16 decrease in number of 
collisions in a quarter in the regression model. This is an additive effect that is found 
across time and intersections. The results appear to be consistent between the models. 
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The 0.16 decrease represents a 7.2% decrease in number of collisions in a quarter from a 
baseline average of 2.23 collisions per quarter at intersections before LPIs 
implementation. The LPIs had no effect on collisions that occur during late nights. The 
LPIs effect during non-late night times remains significant with a 5.86% decrease in 
number of collisions in a quarter in the poisson model and a 0.16 decrease in number of 
collisions in a quarter in the regression model. The 0.16 decrease represents a 8.0% 
decrease in number of collisions in a quarter from a baseline average of 2.02 collisions per 
quarter at intersections before LPIs implementation.  
In Table 7, I examined the impact of LPIs on number of persons injured during the 
quarter. Number of persons includes pedestrians, cyclists and motorists. I found a 9.45% 
decrease in number of persons injured in a quarter in the poisson model, and a 0.069 
decrease in number of persons injured in a quarter in the regression model. The 0.069 
decrease represents a 11.1% decrease in number of persons injured in a quarter from a 
baseline average of 2.23 number of persons injured per quarter at intersections before 
LPIs implementation. When I examined the effect of LPIs on number of persons injured 
during late nights, I found a 10.5% decrease in number of persons injured in a quarter in 
the poisson model, and a 0.015 decrease in number of persons injured in a quarter in the 
regression model. The 0.015 decrease represents 19.0% decrease in number of persons 
injured in a quarter from a baseline average of 0.079 number of persons injured per 
quarter at intersections before LPIs implementation. The results for the impact of LPIs 
during non-late night times was 9.8% decrease in number of persons injured and a 0.061 
decrease in number of persons injured.  
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In Tables 8, 9 and 10, I breakdown the types of persons - pedestrian, cyclist and 
motorist respectively, injured in the collision each quarter. The impact of LPIs was 
effective in reducing number of pedestrians and motorists injured, but not significant in 
reducing number of cyclist injured in a collision. In fact, LPIs had no effect on number of 
cyclist injured. In the late night models, I found that LPIs also had no effect on number of 
pedestrians injured, but the LPIs was found to be effective at the 10% significance level 
for motorists injured during late night hours. LPIs reduced number of pedestrian injured 
in the non-late night hours by 14.2% in the poisson model and a 0.03 decrease in the 
regression model. The 0.03 decrease in number of pedestrian injured represents a 17.1% 
decrease in number of pedestrian injured in a quarter from a baseline average of 0.17 
number of pedestrian injured per quarter at intersections before LPIs implementation. 
Finally, LPIs reduced number of motorist injured in the non-late night hours by 7.5% in 
the poisson model and a 0.03 decrease in the regression model. The 0.03 decrease in 
number of motorist injured represents a 9.7% decrease in number of motorist injured in a 
quarter from a baseline average of 0.30 number of motorist injured per quarter at 
intersections before LPIs implementation.  
In the decay effect model, the LPIs’ effect 1 year since implementation showed a 
5.3% decrease in number of collisions, and a 4.6% decrease in number of collisions 2 years 
or more since implementation. I also explored the decay effect in number of persons 
injured, and found a 7.9% decrease in number of persons injured in the 1 year since 
implementation, and a 9.8% decrease in number of persons injured in the 2 years or more 
since implementation. A coefficient test for difference showed that there was no significant 
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difference between the two coefficients for both models. Hence, I find that the LPIs effect 
did not decay over time and that the effect was permanent over the periods examined. 
In the spatial lagged fixed effects DiD model that examines intersections within 
Manhattan, LPIs decreased the quarterly numbers of collisions (Table 11 column 1) by 
0.11 directly, 0.02 indirectly for a total reduction of 0.13. The total reduction represents 
a 4.2% decrease in number of collisions compared to the baseline average of 3.12 
collisions at intersections with LPIs. With the outcome of number of persons injured 
(Table 11 column 2), LPIs decrease the quarterly number of persons injured (Table 9 
column 2) by 0.064 directly, 0.001 indirectly on connected intersections for a total 
reduction of 0.065. This represents an 10.3% decrease in number of persons injured 
compared to the baseline average of 0.62 persons injured at intersections before LPIs 
implementation in Manhattan. Diving into the breakdown of who was injured (Table 11 
columns 3 - 5), LPIs was found to have a direct impact on number of pedestrians and 
cyclists injured, however, while LPIs did not have an indirect impact on pedestrians 
injured, but it did have an indirect impact on cyclist. LPIs was found to not have any 
impact on number of motorists injured. 
When I examined the spatial error model (Table 12), I found the spatial error 
variable to be significant for number of collisions, persons injured and number of cyclist 
injured. In this model, LPIs is not longer significant when I examined the outcome of 
number of motorists injured. LPIs had no spatial errors with the outcome of number of 
pedestrians injured, and the coefficient of LPIs was very similar to the non-spatial fixed 




Year 2016 had the largest number of collisions where the coordinates were 
missing. I examined if LPIs were still effective if data for the entire year of 2016 was 
removed from the model. I found that LPIs was still significant and in the downward 
direction in the fixed effect DiD linear model. In addition, I examined the effect of LPIs in 
the year 2016, and again I found that LPIs was significant and in the downward 
direction.  
5.2 Limitations 
Potential confounders include expansion of enforcement against dangerous moving 
violations like speeding and failure to yield to pedestrians, improvements in car safety 
technology, or the influence of public advertising campaigns ​(NYC DOT, 2014)​. These 
confounders should be captured by the time fixed effects. Other limitations arise from the 
NYPD recorded longitude and latitude coordinates, where the yearly loss of collision data 
due to missing coordinates range from 5.13% in 2018 to 28.56% in 2016 (Table 2). 
6. Economic Analysis 
I examined the cost effectiveness of LPIs using back-of-the-envelope calculations of 
the cost of LPIs installation and the economic impact of the prevention of injury. Each 
LPIs cost the DOT $1,200 in 2017. In this analysis, I examined 2,689 intersections with 
LPIs implemented. Assuming that the cost of implementing LPIs remained the similar 
over the entire duration, the entire investment made by DOT was $3,226,800. The 
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Federal Highway Administration report of Crash Cost Estimates by Maximum 
Police-Reported Injury Severity Within Selected Crash Geometries reports the mean 
human capital cost and mean comprehensive cost per crash when a single vehicle strikes a 
human at an intersection which has a speed limit of 45 mph to be $67,342 and $129,418 
respectively ​(“Appendix A - Crash Cost Estimates by Maximum Police-Reported Injury 
Severity Within Selected Crash Geometries, October 2005 - FHWA-HRT-05-051,” 
n.d.)​. I use the predicted values from the fixed effects DiD regression model to estimate 
the number of persons injured that could be avoided if LPIs were implemented on all 
intersections and to estimate the number of persons injured that was avoided at the 
intersections where LPIs were implemented. I found that 22,261 persons could have 
avoided injury if LPIs were implemented on all intersections and 4,609 persons avoided 
injury at LPIs intersections. This translates to an estimate of $60 million in human capital 
cost loss avoided each quarter if LPIs were implemented across all signalized intersections 
and an estimate of $12 million in human capital cost each quarter at the intersections that 
have LPIs implemented . The LPIs intervention is cost effective.  4
7. Discussion 
This evaluation of LPIs intersections in NYC aims to test the hypothesis that LPIs 
intersections reduce number of collisions. I exploit the natural experiment of the staggered 
implementation of LPIs in signalized intersections to identify the impact of LPIs. I found 
4 The coefficient of -0.0686 was taken from Table 5 column 2. The estimate of $60 million was derived 
from -0.069 * 12,987 intersections * $67,342. The estimate of $12 million was derived from -0.069 * 
2,689 LPIs intersections * $67,342 
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that LPIs were effective in reducing the number of collisions and that LPIs were not only 
effective in reducing number of pedestrians injured but also in reducing numbers of 
motorists injured. In the models that looked at number of persons injured in a collision 
(Table 7), I found LPIs was significant in the overall model but also when it was stratified 
by late night or not. However, when I examined the breakdown of the all persons model 
(Tables 8 - 10), I find that none of these models were significant in the late night model at 
the 5% level. It could be that once these models were stratified by late night or not, the 
sample size dropped to 2,339 and 1,103 intersections in the pedestrian and cyclist models 
respectively. Hence, they were no longer powered to find the effect. The model that 
examined the outcome of number of motorist injured (Table 10) had a much larger sample 
size of 4,551 intersections, which could have contributed to LPIs showing a trend at the 
10% significance level. 
The spatial fixed effects DiD regression models (Table 11 and 12) on Manhattan 
intersections indicate that LPIs have direct and indirect impacts on the number of 
collisions, persons injured and cyclist injured. The indirect impact is interpreted as the 
average reduction in number of collisions, persons injured and cyclist injured at the 
intersection due to the cascading of effects from neighboring intersections fitted with LPIs 
-- with closer intersections having a larger effect and those further away a more 
attenuated effect. One interpretation would be that the introduction of neighboring 
intersections with LPIs make drivers slow down or become more aware of pedestrians 
before the light is changed at the following intersection. However, one could also 
hypothesize that drivers might drive more aggressively to reach the next intersection after 
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the LPIs delays the green light for drivers at one intersection. We would see evidence of 
that if the indirect impact on collisions were positive. Since the coefficient is negative, I 
would argue this provides evidence that this safety effect may be coming vehicles not 
being able to accelerate to higher speeds. 
Curiously, although using the spatial regression framework I found that LPIs 
intervention was significant in reducing number of collisions the intervention does not 
appear to have significant effect in reducing the number of motorist injured directly and 
indirectly. One possible interpretation is that drivers in Manhattan typically are not able to 
obtain high speeds as there are frequent stops and traffic signals, while in the outer 
boroughs driver are able to obtain higher speeds between intersections and stops. Hence, 
when a collision occurs the motorist is less likely to be injured. The benefit of LPIs on 
reducing motorist injuries (Table 10) might be found mostly in the outer boroughs (which 
were not included in the spatial regressions for reasons previously explained). 
In the non-spatial DiD model, which covered all New York City, LPIs had been 
found to have no significant impact on number of cyclists injured covered New York City 
boroughs (Table 9). In the spatial lagged model focused on Manhattan, LPIs do have a 
direct significant effect in reducing the number of cyclist injured at the intersection with 
LPIs and an indirect effect of reducing number of cyclist injured at neighboring 
intersections. One explanation might be that because of the wait time at the LPIs 
intersection for vehicles, cyclists now have time to clear the intersections before cars do. 
As a result, the number of cyclists injured in a collision at an intersection that has LPIs 
26 
 
intersections as neighbors is reduced. Relating this finding back to the non-spatial 
analysis, the benefit of LPIs on reducing cyclist injured might be “washed” out because it 
did not benefit cyclists in the outer boroughs (where cyclist density is much lower). Hence, 
when the model was stratified to only Manhattan intersections, I found that LPIs were 
effective in reducing number of cyclist injured.  
It is slightly puzzling that the LPIs intervention did not find an indirect impact for 
number of pedestrians injured because we had earlier found that the LPIs intervention 
had a indirect impact on number of collisions. However this non-result stands as an 
exception to the general pattern of findings here using multiple regression approaches 
which all seem to indicate positive LPIs impacts. 
8. Conclusion 
The coefficients from the non-spatial fixed effects DiD analysis of number of 
collisions, persons and pedestrians injured stayed similar in their magnitude across the 
different models, which suggests that results to be fairly robust. The LPIs intervention is 
a very cost effective method of reducing collisions and pedestrian injuries. Future work 
could entail replicating the spatial analysis on the entire New York City data to examine if 
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Table 1: Collisions counts and averages 
  2012  2013  2014  2015  2016  2017  2018 
A. Collision/Injuries outcomes at Intersections 
Collisions  47,611  95,437  94,644  97,792  68,511  78,764  58,942 
Injuries of:               
Persons  13,336  26,640  24,466  23,160  18,611  22,666  17,513 
Pedestrians  3,725  7,555  6,859  6,095  4,821  5,781  3,942 
Cyclist  1,355  2,569  2,598  2,597  1,978  2,339  1,766 
Motorist  8,250  16,516  15,008  14,468  11,911  14,967  11,706 
B. Collision/Injuries counts at Intersections Stratified by LPIs 
LPIs Ever == 1  13,068  26,101  25,963  27,244  18,588  20,173  15,034 
LPIs Ever == 0  34,543  69,336  68,681  70,548  49,923  58,591  43,908 
C. Collision/Injuries averages at Intersections Stratified by LPIs 
LPIs Ever == 1  2.43  2.43  2.41  2.53  1.73  1.88  1.86 
LPIs Ever == 0  1.68  1.68  1.67  1.71  1.21  1.42  1.42 
 
Table 2: Collisions with longitude and latitude filled  5
  2012  2013  2014  2015  2016  2017  2018 
Coordinates Filled  85,452  171,917  172,730  182,958  162,745  214,935  157,185 
(%)  (84.99)  (84.39)  (83.84)  (84.05)  (71.44)  (93.75)  (94.87) 
Coordinates missing  15,087  31,806  33,296  34,729  65,077  14,327  8,508 
(%)  (15.01)  (15.61)  (16.16)  (15.95)  (28.56)  (6.25)  (5.13) 
 
Table 3: Number of LPIs implemented in Quarters and Years 
Quarters\Year  2012  2013  2014  2015  2016  2017  2018 
1  0  1  5  72  121  260  192 
2  0  4  4  82  219  263  264 
3  0  4  18  157  276  220  214 
4  0  4  33  97  97  82  0 
Total  0  13  60  408  713  825  670 
   
5 Table 2 presents the number of collisions with and without coordinates. These collisions counts include middle of 
the block collisions and were tabulated prior to the nearest neighbor matching to the signalized intersections. 
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Table 4: Characteristics of the intersections 
  LPIs intersections  Control intersections 
No. of intersections in New York City  2,689  10,298 
















Table 5: Naive regression model - Number of collisions per quarter 
   (1)  (2)  (3)  (4)  (5)  (6) 
VARIABLES  Poisson   OLS  Poisson Late 
night 




Flag LPIs  0.258***  0.447***  0.309***  0.0568***  0.252***  0.390*** 
   (0.0253)  (0.0470)  (0.0383)  (0.00769)  (0.0250)  (0.0415) 
Bike route  0.239***  0.421***  0.362***  0.0644***  0.226***  0.357*** 
   (0.0219)  (0.0412)  (0.0301)  (0.00594)  (0.0216)  (0.0363) 
Street 
Improvement 
0.334***  0.707***  0.357***  0.0772***  0.332***  0.630*** 
   (0.0737)  (0.182)  (0.0890)  (0.0224)  (0.0738)  (0.164) 
Left Turn  0.519***  1.186***  0.449***  0.106***  0.527***  1.080*** 
   (0.0608)  (0.176)  (0.110)  (0.0327)  (0.0587)  (0.152) 
             
Observations  324,675  324,675  324,675  324,675  324,675  324,675 





Table 6: Fixed effect DiD model - Number of collisions per quarter 

















Flag LPIs  -0.0545***  -0.162***  -0.00245  -0.000389  -0.0604***  -0.161*** 
   (0.0128)  (0.0305)  (0.0255)  (0.00628)  (0.0130)  (0.0279) 
Bike route  0.0233  0.0521  0.0421  0.0101  0.0217  0.0434 
   (0.0189)  (0.0379)  (0.0400)  (0.00865)  (0.0189)  (0.0345) 
Street 
Improvement 
-0.0157  -0.209  -0.0133  -0.0160  -0.0172  -0.195 
   (0.0449)  (0.148)  (0.0661)  (0.0234)  (0.0458)  (0.135) 
Left Turn  -0.140***  -0.806***  -0.133*  -0.0683**  -0.139***  -0.742*** 
   (0.0369)  (0.174)  (0.0741)  (0.0274)  (0.0384)  (0.162) 
             
Observations  283,550  283,550  242,725  242,725  283,200  283,200 
Number of 
intersection_id 
11,342  11,342  9,709  9,709  11,328  11,328 
*** p<0.01, ** p<0.05, * p<0.1 
 
Table 7: Fixed effect DiD model - Number of persons injured per quarter 

















Flag LPIs  -0.0993***  -0.0692***  -0.111**  -0.0145**  -0.0980***  -0.0603*** 
   (0.0213)  (0.0134)  (0.0540)  (0.00722)  (0.0221)  (0.0122) 
Bike route  0.0169  0.0100  -0.00445  -0.000199  0.0193  0.0103 
   (0.0307)  (0.0166)  (0.0789)  (0.00986)  (0.0316)  (0.0150) 
Street 
Improvement 
-0.0272  -0.0410  -0.106  -0.0187  -0.0167  -0.0287 
   (0.0545)  (0.0434)  (0.170)  (0.0280)  (0.0557)  (0.0388) 
Left Turn  -0.200***  -0.217***  -0.250  -0.0483*  -0.193***  -0.185*** 
   (0.0660)  (0.0623)  (0.156)  (0.0272)  (0.0675)  (0.0552) 
             
Observations  273,875  273,875  146,725  146,725  272,000  272,000 
Number of 
intersection_id 
10,955  10,955  5,869  5,869  10,880  10,880 





Table 8: Fixed effect DiD model - Number of pedestrians injured per quarter 

















Flag LPIs  -0.147***  -0.0337***  -0.0895  -0.00493  -0.153***  -0.0329*** 
   (0.0289)  (0.00569)  (0.0880)  (0.00529)  (0.0303)  (0.00547) 
Bike route  -0.0789*  -0.0129*  -0.0592  -0.00251  -0.0799*  -0.0123* 
   (0.0419)  (0.00749)  (0.131)  (0.00773)  (0.0445)  (0.00741) 
Street 
Improvement 
-0.0391  -0.0208  -0.125  -0.00877  -0.0312  -0.0168 
   (0.0744)  (0.0194)  (0.236)  (0.0159)  (0.0849)  (0.0200) 
Left Turn  -0.302***  -0.147***  -0.199  -0.0198  -0.311***  -0.136*** 
   (0.0718)  (0.0264)  (0.204)  (0.0148)  (0.0804)  (0.0259) 
             
Observations  223,100  223,100  58,475  58,475  218,675  218,675 
Number of 
intersection_id 
8,924  8,924  2,339  2,339  8,747  8,747 
*** p<0.01, ** p<0.05, * p<0.1 
 
Table 9: Fixed effect DiD model - Number of cyclists injured per quarter 

















Flag LPIs  -0.0272  -0.00275  0.0632  0.00269  -0.0376  -0.00357 
   (0.0418)  (0.00431)  (0.130)  (0.00617)  (0.0437)  (0.00423) 
Bike route  0.172***  0.0157***  0.0532  0.00229  0.184***  0.0161*** 
   (0.0643)  (0.00585)  (0.204)  (0.00951)  (0.0677)  (0.00584) 
Street 
Improvement 
0.0935  0.00912  0.252  0.0121  0.0788  0.00728 
   (0.116)  (0.0125)  (0.330)  (0.0163)  (0.124)  (0.0125) 
Left Turn  -0.206*  -0.0309*  -0.291  -0.0155  -0.199  -0.0272* 
   (0.122)  (0.0158)  (0.339)  (0.0186)  (0.133)  (0.0158) 
             
Observations  158,275  158,275  27,575  27,575  152,775  152,775 
Number of 
intersection_id  6,331  6,331  1,103  1,103  6,111  6,111 




Table 10: Fixed effect DiD model - Number of motorists injured per quarter 

















Flag LPIs  -0.0856***  -0.0362***  -0.129*  -0.0163*  -0.0778**  -0.0284*** 
   (0.0290)  (0.0119)  (0.0676)  (0.00840)  (0.0311)  (0.0109) 
Bike route  0.0359  0.0130  0.00446  0.000949  0.0399  0.0127 
   (0.0419)  (0.0149)  (0.0974)  (0.0118)  (0.0440)  (0.0136) 
Street 
Improvement 
-0.0357  -0.0271  -0.120  -0.0172  -0.0216  -0.0171 
   (0.0751)  (0.0389)  (0.219)  (0.0322)  (0.0758)  (0.0337) 
Left Turn  -0.0792  -0.0408  -0.216  -0.0319  -0.0525  -0.0236 
   (0.103)  (0.0518)  (0.217)  (0.0300)  (0.107)  (0.0461) 
             
Observations  254,400  254,400  113,775  113,775  248,025  248,025 
Number of 
intersection_id 
10,176  10,176  4,551  4,551  9,921  9,921 
*** p<0.01, ** p<0.05, * p<0.1 
 
Table 11: Fixed effects DiD Spatial Lag Model of Manhattan Intersections 












Flag LPIs  -0.106***  -0.0643***  -0.0389***  -0.0166***  -0.00897 
   -0.0377  -0.0176  -0.00894  -0.00569  -0.0137 
W.outcome  0.188***  0.0171**  0.00064  0.0320***  0.0134* 
  -0.00628  -0.00709  -0.00714  -0.00705  -0.00713 
Impact 
Direct  -0.106***  -0.064***  -0.039***  -0.017***  -0.009 
  0.038  0.018  0.009  0.006  0.014 
Indirect  -0.022***  -0.001**  0.000  -0.001**  0.000 
  0.008  0.001  0.000  0.000  0.000 
 Total  -0.128***  -0.065***  -0.039***  -0.017***  -0.009 
  0.046  0.018  0.009  0.006  0.014 
Observations  68,400  68,400  68,400  68,400  68,400 
Number of 
intersection_id 
2,736  2,736  2,736  2,736  2,736 




Table 12: Fixed effects DiD Spatial Error Model of Manhattan Intersections 












Flag LPIs  -0.129***  -0.0644***  -0.0389***  -0.0168***  -0.00893 
   -0.0387  -0.0176  -0.00894  -0.00572  -0.0138 
 e.outcome  0.188***  0.0150**  -0.00143  0.0319***  0.0129* 
  -0.00639  -0.00713  -0.00718  -0.00707  -0.00714 
Observations  68,400  68,400  68,400  68,400  68,400 
Number of 
intersection_id 
2,736  2,736  2,736  2,736  2,736 
*** p<0.01, ** p<0.05, * p<0.1 
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